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Abstract

This study investigates the application of machine learning (ML) models for predict-
ing transient responses in ball-impact elastodynamics simulations. We focus on the
canonical problem of ball impact on laminated structures, which captures essential
physics while maintaining computational tractability. Novel contributions include:
(1) development of a temporal multi-resolution strategy for stable long-time pre-
dictions, (2) systematic comparison of U-Nets and Fourier Neural Operators as
spatial ML kernels, and (3) demonstration of accurate non-local metric predictions
across full time-horizons. Using a synthetic dataset of 6500 impact scenarios, we
achieve 3.5-8% prediction accuracy while providing 10,000x speedup compared
to traditional FEM simulations. The proposed methodology enables rapid virtual
prototyping for impact-resistant design optimization.

1 Introduction

Accurately characterizing and predicting the mechanical response of heterogeneous structures under
dynamic and impact loading conditions is crucial across industries from consumer electronics [1H3],
to automotive [4] and aerospace [3] sectors. In consumer electronics, devices undergo rigorous ball-
impact and edge-drop testing to evaluate structural performance, compliance and impact resistance,
simulating real-world scenarios during daily usage [6]. Modeling this behavior is challenging due to
complexities like strain-rate effects, material nonlinearities, wave propagation, interfacial contact
mechanics and deformation localization [[7H9]].

Traditionally, numerical techniques for solving the governing elastodynamics equations, such as
incremental Finite Element Methods (FEM) [10], have been used in tandem with material characteri-
zation experiments to model the mechanics of impact and dynamic loading. These FEM simulations
are implemented with either explicit time-marching schemes or implicit methods [11} [12]], where
the former require bounds on admissible time-discretization levels to ensure numerical stability [13]]
while minimizing the accumulation of error through the time-marching process [14] and capturing the
critical time-scales of the physical phenomena. Consequently, these simulations are computationally
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expensive for predicting longer-timescale phenomena during dynamic impact loading. This work
adopts a data-driven approach towards predicting the dynamic response of structures under impact
loading, and compares the speed, accuracy and stability of various methods.

Recent advances in machine learning (ML) have accelerated the development of surrogate models for
physical systems governed by partial differential equations (PDEs). Raissi et al. [[15] first introduced
Physics-Informed Neural Networks (PINNs), which directly embed physical laws as constraints into
neural network loss functions, allowing networks to learn solutions while conforming to conservation
principles and approximately satisfying boundary conditions.

In order to overcome scaling limitations with pure physics-informed methods, data-driven approaches
have been investigated which learn from past PDE solutions without explicit information about the
governing equations. Ronneberger et al. [16] developed the CNN-based U-Net architecture, initially
for biomedical image segmentation and other computer vision tasks, further extended by Cicek et al.
[L7] for 3D applications. Neural operators, a more advanced data-driven approach in which networks
learn on continuous function spaces, were independently developed by Lu et al. [[18}[19] in the form
of DeepONet, and by Li et al. [20] as Fourier Neural Operators (FNOs).

As a hybrid approach bridging physics-informed and data-driven methods, Li et al. [21]] developed
Physics-Informed Neural Operators (PINO), which combined the spectral efficiency of FNOs with
physical constraints for more stable and accurate predictions. Li et al. [22] later extended this
framework to generalized geometries in irregular spaces mapped to uniform grids in latent space,
creating geo-FNOs, which were then extended to Geometry-Informed Neural Operators (GINOs) by
combining FNOs with graph neural operators to achieve discretization-convergent solutions [23]].

In terms of applications, prior work has been done by Rao et al. [24]] who have used PINNs for
computational elastodynamics with a mixed-variable (displacement and stress) formulation and
imposition of initial and boundary conditions as hard constraints through a composite scheme of deep
neural networks. Rasht-Behesht et al. [25] have used PINNs for wave propagation and waveform
inversion for seismic applications. In a data-driven approach, Lehmann et al. [26] have shown that
factorized FNOs (f-FNOs) can be used model surface elastic wave propagation in 3D spatiotemporal
domains.

The accumulation and propagation of error through sequential time-slice predictions, particularly for
long time-horizon problems, is a critical challenge when modeling transient mechanics. Kochkov
et al. [27] have demonstrated that incorporating elements of physics into an ML approach improves
temporal stability and spatial accuracy for fluid mechanics predictions. From a data-driven perspective
Lippe et al. [28,129] have introduced a novel approach called PDE-Refiner to address this challenge by
using a multi-step refinement process inspired by diffusion models. Considering autoregressive time
sequence prediction of spatial variables, Takamoto et al. [30] devised a pushforward training strategy
where gradients only flow through the last timestep and show that this stabilizes U-Net autoregressive
predictions for longer time-horizons. Ghule et al. [31] show the effectiveness of Curriculum Learning,
inspired by Natural Language Processing (NLP) training methods [32] in the context of predicting
transient simulations.

In this study, we aim to understand how different underlying spatial machine learning surrogate
models and temporal training strategies incur accumulated error for the transient elastodynamics
problem of ball-impact on a heterogeneous laminate structure. The focus of this work, and its inherent
novelty, lies in three key aspects:

1. The first systematic investigation of numerical stability for long-horizon transient predictions
using machine learning (ML) models for non-linear finite-strain elastodynamics problems

2. The development of a novel temporal multi-resolution strategy to maintain stability during
long-time predictions

3. A comprehensive comparison of spatial ML kernels (U-Nets vs FNOs) as base models in a
temporal sequence prediction for elastodynamics applications

These advances address fundamental challenges in applying ML to industrial ball-impact structural
simulations. To accomplish this, we (a) generate a synthetic ground truth dataset of 6500 samples
across different geometric variations of plate inclusion using the open-source FEM solver MOOSE
[33H33]), (b) contrast various machine learning architectures including U-Nets and FNOs (c) inves-
tigate the inclusion of global parameters such as kinetic energy into the ML models, (d) explore



training strategies including recurrence and temporal multi-resolution and finally (e) understand
generalization error on unseen geometries.

2 Problem Formulation

We consider an elastic body contained within a volume €2 € R? (shown in Figure subject to a
dynamic impact load over a specified time period ¢ € [0, ¢xy], where N specifies a number of uniform
discretization steps in time. The diameter of the ball is chosen D >> [ where [ is the characteristic
length scale (i.e. thickness) of the body to ensure reasonable discretization insensitivity.

The deformation of any point X C €2 contained within the body in the undeformed configuration
is described by the deformation map ¢(X,t) : Q x t — R3. Defining the displacements u =
»(X,t) — X, material time-derivative velocity v = 1, Cauchy stress tensor o, density p, and
gravitational force g, conservation of linear momentum requires that
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T _v. 1
T o+ pg (1

We utilize a Zaremba-Jaumann objective stress rate [36] formulation to compute the Cauchy stress
1371,
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The constitutive relationship is assumed to be isotropic elastic, relating the rate-of-deformation tensor
D to the stress measure V7

J=C:D 4)

The fourth-order elasticity tensor C can be expressed in terms of material properties Young’s Modulus
FE and Poisson’s ratio v, where
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In order to compute the rate-of-deformation tensor, we begin with the incremental deformation tensor,
with the deformation gradient at a given time ¢,,, given by F,, = Vx ¢(X, t,,) and incremental right

Cauchy-Green deformation tensor C (1381,

F=F,(F,1)" 7
C=FTF (8)

_ 1 12
D= AL log(C'/#) )

A Taylor series expansion is used to simplify and approximate the calculation of D
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Figure 1: Ball impact scenario: the experimental setup showing relative sizes of the ball and plate
(left) and the embedded inclusion within the plate (right). The mesh overlay conveys element sizes at
various points within the mesh.

In order to generate synthetic training data, we run numerical simulations on a solid plate with an
embedded laminate inclusion impacted by a spherical ball. As the first step towards building an
spatio-temporal surrogate ML model to accurately approximate the simulation results, we focus on
designs parameterized by 8 variables © = [X, V3, X, Y;, Z;, L;, D;, H;]: the ball location (X;, Y3),
inclusion centroid location (X, Y;, Z;), and inclusion dimensions (L;, D;, H;). Further details on
generating synthetic data used for training ML models are provided in Appendix [A-1]

In terms of developing the machine learning model, a similar approach is followed in terms of
predicting incremental displacement and strain fields at each given time-step.

During training time, the ML model reduces the mean-squared errors between the simulation result
and its prediction at a given time increment. The ML model takes as inputs a set of design parameters,
O € Ou.in, at a given timestep t,,, based on the state of the system variables (displacements, material
properties and geometry) at the previous time ¢,,_; (or ¢,,_x, k& > 1 when exploring the influence of
larger timestep sizes in numerical stability and accuracy).

At inference time, the ML model makes prediction on a given new design parameterized © €
Orest, and the starting conditions ¢,,—1 (or ¢,_j) in a time segment contained within ¢,, € [0, tx],
reminiscent of an initial-boundary value problem (IVBP) from the perspective of classical numerical
analysis.

Extension of the ideas presented here to additional complexity (non-linear material properties, and
internal geometric topology) is considered beyond the scope of this paper, and will be explored as
part of future work.

3 Challenges

There are a number of challenges associated with developing spatio-temporal deep learning models
for transient structural dynamics, associated with practical considerations from a computational
perspective. These include:

1. Spatial Complexity: Developing a surrogate ML model for continuum simulations that can
handle non-local interactions, multi-mesh assemblies, contact mechanics, large deformations,
and discontinuous material properties, while ensuring mechanical compatibility, stress
equilibrium, and computational efficiency.

2. Accuracy in Transient Prediction: Capturing the temporal dynamics of elastic wave
propagation, including reflection, refraction and scattering phenomena within the timestep
in terms of non-local error metrics across the spatial domain. Generally, FNO approaches
are known to outperform convolutional neural networks (CNN)-based U-Nets for these
single-step or short horizon roll-out problems [30].

3. Numerical Stability: Ensuring that the ML methodology remains numerically viable across
long time-horizons, and does not amplify certain error spectra to result in temporal numerical
instabilities. Neural Operators, in particular, especially FNOs with truncated spectra, are
known to be unstable for long autoregressive rollouts [39].

In addition to these challenges, there is bias in training datasets created based on industrial designs
in engineering practice, for instance in consumer electronics testing. This is due to a non-uniform



sampling of parametric design spaces due to empirical engineering intuition or aesthetic considera-
tions. Whilst beyond the scope of this work, an a priori methodology of quantifying and avoiding
bias in training data for scientific machine learning models would be highly beneficial for mechanics.
Additionally, this would allow for the generation of synthetic data to augment regions which are
data-deficient, and help with training improved machine learning models.

4 Machine Learning Methodology

In contrast to equilibrium or steady-state simulation problems, for which spatial machine learning
kernels are sufficient for surrogate modeling, there is an additional component of time-marching and
computing transient solutions. In this section we explore both of these aspects, as well as embedding
non-local information about the state of the elastodynamic system (i.e. kinetic energy).

4.1 Spatial Approximation Kernels

Two spatial machine learning kernels are used in this comparison: FNOs and CNN-based U-Nets.
This section briefly expands on the underlying architecture of each kernel for a single time-step
rollout, and the subsequent section highlights the time-marching strategies.

4.1.1 Fourier Neural Operators

Fourier Neural Operators (FNOs) take advantage of the equivalence between difference operations,
which can be expressed as convolutions, in the spatial domain and point-wise multiplication in the
reciprocal frequency (Fourier) domain [20} 22]]. The input data u;(x), representing the structural
response (i.e. displacement components) at time ¢ and coordinate X, is transformed using a lifting
layer feed-forward neural network P:

vt, (X) = P(u, (X)) (11)

The input v(X) is transformed to the reciprocal frequency domain using the Fourier transform, which
can be calculated efficiently using Fast-Fourier Transform (FFT) algorithm

o, (§) = Flvr, 1(§) (12)

where £ represents the frequency space. Typically, in order to improve training convergence, higher
frequencies in £ are truncated, retaining only the lower frequencies. An inverse transform maps back
to the spatial domain, after applying a linear operator R:

[vr,, (X)) p = F " [Roy,, ()] (X) (13)

As with typical deep neural networks, a bias term W and a non-linear activation function o (e.g.,
ReLU or Softmax) are applied in the solution domain:

V1 (X) =0 (W -, (X) + [vg, (X)] ) = 00 K(vt,,) (14)
Here, K denotes the Fourier layers, which are then stacked to form the FNO.

v, (X) = (K000 K;_100;_10---0010Kp)vy, (15)
The final output v, , (X) from the FNO network is transformed using a projection layer to give the

state ug,, , ;.

g, (X) = Q (v, (X)) (16)

4.1.2 U-Nets

U-Nets are another common baseline model for approximating PDE solutions, based on a composition
of convolutional neural networks (CNNs) within a U-shaped architecture with an encoding and
decoding section. In the most general form, a U-Net of depth 7 can be represented by the recursive
formula [40]

Ui = Di(Ci—1(Ei—1(vi, YEi—1),YD,i—1),¥D,i)s i=1,2,3... (17)



where v; represents input state variables, U; represents the output state variables, D; a decoding
(e.g. transposed/up convolution) CNN layer, E; is the encoding (e.g. down-convolution) CNN layer,
C represents a concatenation, and ¢ are the linear weights. A non-linear function (e.g. rectified
linear units or ReLU) is used within each decoder or encoder layer. In this simplified equation, the
input state v; is encoded with E and then concatenated with the output of the decoder, D, at the
corresponding skip location, which then proceeds up to the next layer in the network. Figure [2] shows
an example of this architecture for a depth of 4, with additional embeddings including kinetic energy
and potentially further derivatives as inputs.

Kinetic

Energy,

Energy
Derivative

Repeated N time steps R Tinear
with trained model

Figure 2: U-Net architecture visualized including encoder and decoder layers.

4.1.3 Scaling Displacements

During ML training, it is important to scale the displacements non-linearly because the magnitude of
the central depression zone of the ball drop is over three orders of magnitude larger than the short-
amplitude waves that propagate away from the depression zone. For stiff materials, small-amplitudes
in displacements result in larger stress magnitudes, hence it is important to capture these effects. To
mitigate this issue a non-linear piece-wise scaling was performed to transform the true results into a
more suitable ML training space and then reverse the scaling at inference time.

sign(u, ) - log(|uy,| + 1 Up| >T
Uscaled,n = { & ( ) uTngﬂ | ) iunI <T (18)

where T is a threshold providing sufficient balance between the range compression of the log
transform and the expansion of the linear transform. Empirically, a constant of 1e-6 enables the ML
to learn both the displacement at the impact zone and the waves that propagate away from the initial
impact.

4.2 Physics-Guidance with Global Kinetic Energy Parameter

When computing the time-evolution of displacement fields, it is essential to incorporate information
about the loading, which is derived from the ball-impact trajectory. To integrate this information into
the machine learning strategy, a physics-based kinetic energy variable was embedded into the ML
models. To forecast the global dynamics, a modified ResNet-18 model [41]] was trained to predict the
kinetic energy of the ball over the entire simulation time horizon. This predicted kinetic energy was
then introduced into the spatial ML kernels as an embedding layer.

’CO:tN = fResNet(X) (19)

The kinetic energy predictions, KC and the partial time derivative of the kinetic energy where
concatenated to the inputs of the displacement model, which significantly stabilized long time-horizon
rollouts for both spatial ML kernels and resulted in appreciable improvement in the displacement
predictions.

oKy,

5 Ut ) (20)

’atn+1 = fML(’Ctn7



4.3 Time-Marching Strategies

Inspired by statistical time-series forecasting models [42], we explore different time evolution
strategies and modifications to the spatial ML kernels. The basic auto-regressive strategy, where
instead of a single time-step jump using a spatiotemporal model, the outputs at a certain time-steps
are used as inputs for the next timestep are shown in Figure[3| By recursively applying this strategy,
the entire time history is constructed.

Yo (output) y1 (output) yo (output) y1 (output)

Ak

Xg, 1 (input) xq, t1 (input) xg, to (input) xy, t (input)

Figure 3: Different methods for physics surrogate modelling.

For numerical accuracy through the time, a balance has to be sought between capturing the finest
temporal features based on the physics (such as local resonance time scales, or wave scattering phe-
nomena) and maintaining stability during auto-regressive inference rollouts by avoiding accumulated
error - which compounds with the total number of time-steps. Prior work in this area include the
following time-marching strategies:

¢ Temporal Bundling: This method directly attempts to predict multiple future timesteps
simultaneously {uy, ,us,, ,,us, , }[43]. Similarly, a sequence of temporal inputs can be
used (i.e. ug, = f(us,_,,ut,_,,...)) . The computational cost and memory requirements
associated with this technique is prohibitive for training on large 3D datasets.

n’?

* Pushforward Trick: During training, the loss is modified such that a random distribution
with variance, o, perturbs the ¢ sample. A possible method [43]] for selection of the o
parameter is through the ML prediction noise. This method predicts multiple steps but
only backpropagates temporal error on the last step. This methodology will be used in the
later section, but proves insufficient to prevent temporal numerical instability for longer
autoregressive rollouts.

* Scheduled Sampling / Curriculum Learning: In this method, the loss can randomly switch
between truth and the ML prediction for training stability for the last temporal step in inputs.
The exact distribution can be modified on a schedule. This will ensure that initially it is
more likely to receive inputs from the true value, u;, ,, but as the training progresses, iz, _,
will be chosen instead [31} 32]]. This methodology results in training time complexity and
requires heuristic tuning of schedules to ensure that the training is stable and convergent.

* Temporal Multi-Resolution: Our approach described in detail in creates a series of
models that have been trained at different resolutions or timesteps, At. The goal here is
to create a coarse model that sacrifices accuracy for reduction in uncertainty propagation —
then create a fine model that is temporally stabilized by the coarse model.

4.3.1 Temporal Multi-Resolution

The temporal multi-resolution method uses a series of trained neural networks with different time
resolutions to reduce the accumulated error while capturing the physics sufficiently. Initial attempts
to use a pure data-driven Markovian state prediction for the ,,4; change in displacements/strains
using the solution at ¢,,, when used recursively to predict the entire transient series, exhibited a high
degree of accumulated error. The auto-regressive models failed to accurately capture the global
behavior when the ball bounced off the plate. However, significant uncertainty propagation caused
the predictions to eventually diverge when using fine time-steps. A coarser temporal model with



Atcoarse > a - At fine, while unable to resolve physical phenomena in time, was found to mitigate
the accumulated error empirically for o > 7. In order to stabilize the finer resolution, while avoiding
the damped predictions in the coarse time resolution, an interpolation between the coarser and finer
predictions is proposed.

The proposed multi-resolution strategy offers several advantages including reduced error accumu-
lation in long-time predictions and improved numerical stability; however it does have several
limitations including an increased computational cost and heuristic selection of timesteps at each
scale. Alternative approaches like curriculum learning and teacher forcing were explored to quantify
the advantages of this approach but showed convergence issues at the scales considered here and
hence not presented as a direct comparison in this study.

5 Results and discussion

Due to the lack of PDE benchmarks for scientific machine learning in impact simulations and
elastodynamics, synthetic training data was created. This synthetic data generated through Moose
were used for the results presented in this paper, and further information can be found in Appendix
E} Based on an 80/20 split of the generated data, all statistics and evaluation were done on the test
set. Training was done using the full temporal evolution period (0.5 seconds) for a given simulation.
A brief review of the infrastructure and compute involved is given in Appendix[A.2] On average,
MOOSE simulations took approximately 5 hrs. For comparison, inference time of the same simulation
is on the order of 1 second, demonstrating on the order of 10,000x speedup, with further details
presented in Table[T]

5.1 Model Performance

TableE]provides metrics for model assessment, and shows the performance of each model. These
metrics are the maximum displacement error on an individual timestep basis, and a temporal stability
parameter indicating the error across all the timesteps. For the purposes of understanding failure of
material, the maximum displacement error is considered more important than the mean squared error
which considers regions without any displacements.

Table [2] (in the Appendix) provides a performance/cost comparison for running FEM models and
requirements of training. While ML models achieve approximately 10,000x speedup during inference
(approx. 1 second vs 5 hours), this must be considered alongside the upfront costs of generating
training data (approx. 11 hours on 156,000 CPU cores) and model training (approx. 17-30 hours
on 56 GPUs). The ML approach becomes advantageous when running many similar simulations,
as the initial overhead is amortized across multiple predictions. For applications requiring fewer
simulations or significantly different geometries/materials, traditional FEM may be more practical
over a machine learning approach.

Characterization of the temporal stability was formulated as the average accumulation of the error
over the entire transient simulation.

| M N2 0.5
-_ = m,n 21
SEDIE Y -

where €, , = max(uy, ) — maz (i, ), M is the total number of simulations in the test set, NV is the
total number of timesteps in a simulation.

In terms of the choice of timestep for time-marching, a coarse and fine set of values were used,
where At fine = 0.01 and Atcoarse = 0.07 = 7 - t 4. This choice allowed a study of the effects of
timestep size on numerical accuracy and stability of the method.

For the  ¢;, displacement models, the U-Net and FNO models exhibit an error of 1.2% and 4.9%
respectively in terms of single step maximum displacement as shown in Table The superior
performance of U-Net in this particular case might be attributed to the local nature of the problem,
where there is a large displacement surrounding the impact point but small displacements elsewhere,
which is difficult to capture with a small set of Fourier modes. Each model architecture type greatly
benefited from the use of cosine learning rate schedulers. Without any scheduling, each model type



learned the average simulation response, but often failed to predict the maximum values or the full
range of the simulation results.

The reported error margins represent aggregate accumulated across all test cases. A more detailed
error analysis on a case basis reveals that predictions are most accurate for impacts away from
material interfaces and boundaries, while scenarios involving direct impacts near inclusion edges
or corners show higher errors. This suggests that the ML models struggle most with capturing
sharp discontinuities in material properties and geometric features. Future work should focus on
improving accuracy in these edge cases through data-augmentation, enhanced network architectures
or physics-informed constraints.

It should be noted that further hyperparameter optimization and heuristic tuning of modes might
improve the performance of the FNO models. As expected from autoregressive models, the fine
time resolution models are temporally unstable for longer time-horizons, and by the final time
the accumulated error shows divergence for both the U-Net and FNO models. The coarse time
resolution models show higher error on a single timestep level, since they do not resolve the physics
sufficiently during the time-evolution, but they are temporally more stable, highlighting the need for
the multi-resolution methodology.

While the scope of this paper is limited to deterministic ML predictions without diving into uncertainty
quantification needed to understand reliability for industrial applications, future implementations
should incorporate uncertainty quantification through ensemble methods and Bayesian neural net-
works with probabilistic outputs and include dropout-based uncertainty estimation during inference.
Additionally, physics-based bounds on predicted quantities (e.g. material yield surface criteria) would
allow engineers to make risk-informed decisions based on confidence levels in model predictions.

For an unseen ball and inclusion location case, the 3D fields of displacement components are obtained
and qualitatively compared to the ground truth results. The displacement values at the location of
ball-impact, with a through-thickness cross-section, are shown in Figures [} [5] and [6] respectively.
These results are obtained with the coarser time models, which are much more stable than the finer
timestep models. These results empirically indicate that the U-Net model accrues marginally less
error than the FNO model across the time marching, particularly evident in the y-component of
displacement (Fig. [3] It is interesting to note that neither ML model was able to capture the strong
discontinuity at the interface as seen in the x-component results (Fig. [ towards the bottom left corner.
Overall, these indicate that further improvements need to be done in terms of mitigating temporal
error propagation to obtain agreement with ground truth, for which the pushforward method and
multi-resolution models are explored.
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Figure 4: U-Net (tcoqrse)s FNO (fcoarse) and ground truth results for x-component of displacements
(through thickness cross-section at impact point).
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Figure 5: U-Net (tc0qrs¢)s FNO (fcoarse) and ground truth results for y-component of displacements
(through thickness cross-section at impact point).
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Figure 6: U-Net (tcoqrse)s FNO (tcoarse) and ground truth results for z-component of displacements
(through thickness cross-section at impact point).

The pushforward method, also compared for the FNO and U-Net models, provides significant benefit
to prevent the later timestep predictions from diverging, which is noted once again by the temporal
stability error. However, the multi-resolution approach provides an improvement over using a single
model with the push-forward method. With the multi-resolution setup, the coarse time models are
hence used as a predictor-corrector setup for the ¢,,41 models. The resulting corrected models provide
a balance between single-time error and longer-horizon stability as shown in Table[T] The figures for
the final residuals of each model are provided in the Appendix [A4]

For quantitative analysis, the maximum displacement plots are obtained for each model. Due to
the temporal instability seen in the FNO models (as indicated in Table [I)), which cannot easily be
resolved using the proposed multi-resolution strategy, the U-Net models are used to test the accuracy
of the multi-resolution method. The maximum displacement, together with the corresponding kinetic
energy of the ball showing the trajectory of impact, are shown for the corrected multi-resolution
strategy in Fig. [7] showing a significantly improved performance over just using the fine temporal
model in an autoregressive manner.

In an attempt to capture the temporal derivatives and understand how interpolation strategies compare
to resolving finer-time scales numerically, a Hermitian spline of the displacement fields was computed
and shown in Figure[8] These simple interpolations demonstrate that in the scenario the physics is
well-behaved in between the ¢,, 4 A, predictions, temporal interpolation sufficiently provides missing
physical information.
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Figure 7: Corrected maximum of 3D predictions resulting in removal of propagation error for U-Net

model

Network Max Disp. | Temporal
Arch Error(%) | Stability(%)

U-Net | ¢ fine 1.2 2537.2
U-Net | teoarse 7.7 21.5
U'Netnzulti—res - 8.7

FNO I tfine 49 1422.1
FNO | teoarse 7.4 27.5
FNOmulti—res - 20.0
U-Net | £ ;e pushforward 3.2 28.8
U-Net,,uiti—res pushforward - 10.0

Table 1: Comparison of model performance on test set.
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6 Conclusion

In this study, we have investigated the application of machine learning models to predict the transient
structural response of an elastic medium subjected to dynamic impact loading. As an overview, the
key findings from this study include:

1. Demonstrating that ML models can achieve 3.5-8% accuracy while providing significant
computational speedup for ball-impact simulations

2. Devising a temporal multi-resolution strategy effectively mitigates error accumulation, but
further investigation is required to understand how heuristic timestep selection can be tuned
for different spatial kernels

3. As spatial ML kernels, U-Nets seem to show better temporal evolution stability than FNOs
for long time-horizon predictions

The challenges associated with this problem, including discontinuities, and mesh-resolution dependent
simulations were addressed through the generation of a large-scale converged synthetic dataset using
an open-source finite element solver.

Using FNO and UNet architectures as spatial interpolation backbones, different time-marching
strategies were explored in this work. The FNO architecture contained several key hyperparameters
that affect model performance and stability: the number of Fourier layers, hidden features, and cutoff
frequency modes. While systematic hyperparameter optimization through grid search or evolutionary
algorithms could potentially improve FNO performance, the computational cost (approximately
17 hours per model on 56 GPUs) made extensive tuning impractical and hyperparameters were
heuristically chosen. Future work will explore efficient hyperparameter optimization strategies
balanced against computational constraints.

With standard autoregressive methodologies, the FNO method proved to be less numerically stable
than the U-Net approach, although significant effort was not invested in tuning the hyperparameters
of the FNO model. Various time-marching methods for data-driven models including temporal
bundling and push-forward tricks were explored, yielding significant improvements over the classic
autoregressive methodology. A multi-resolution strategy is proposed training individual neural
networks to iteratively predict displacement at different temporal resolutions, leveraging a predictor-
corrector framework to mitigate error propagation. The multi-resolution method demonstrated
promising results, achieving less than 3.5-8% error in predicting maximum displacement compared
to ground truth finite element simulations.

Through this work, we demonstrated the feasibility of data-driven transient physics predictions
for structural dynamics problems. The utilization of synthetic data enabled the generalization
of predictions to various shapes and designs not seen in the training set, highlighting the potential
benefits of this approach for accelerating design optimization processes in industries such as consumer
electronics.

While this work focused on primarily data-driven approaches, other than embedding a global kinetic
energy parameter, incorporating further physics-informed constraints could improve model accuracy
and stability. For elastodynamics, this includes enforcing compatibility conditions on the deformation
gradient tensor and momentum conservation in the loss function. However, such constraints often
introduce additional computational complexity and convergence challenges. Systematic exploration
of physics-informed approaches is crucial, particularly investigating how to balance physical accuracy
with computational efficiency.

Future work should also expand this study to incorporate more realistic industrial conditions including
(a) material non-linearities such as plasticity and rate-dependent effects, (b) adaptive meshing for
improved resolution in high-strain regions, (c) complex boundary conditions representative of device
mounting, (d) multi-material interfaces with contact and debonding and (e) thermal effects and
coupled thermomechanical behavior.
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A Synthetic data generation

A.1 MOOSE simulations

The numerical simulations are implemented using the open-source MOOSE library [33H33]], using an
implicit time marching methodology to avoid accumulated error and numerical instabilities [44]. The
setup of numerical experiments is shown in Figure[I} with a solid plate with an embedded laminate
inclusion impacted by a spherical ball.

The ball, plate, and inclusion exhibit material properties representing acrylic, polycarbonate, and
glass. The ball is dropped from a height of £ = 16 cm above the plate. A total of 6500 randomized
designs were generated by varying 8 variables: each design exhibited a different ball location
(X, Yy), inclusion centroid location (X3, Y;, Z;), and inclusion dimensions (L;, D;, H;). For the
FEM calculations, to synthesize training data, a total of approximately 50,000 CPU cores was utilized
across 2000 compute nodes (using either AMD EPYC 9R 14 or Intel Xeon 8488C processors) creating
30TB of data in approximately 11 hours. A series of mesh sensitivity studies were performed to ensure
the ground truth simulations were converged. Mesh contact was iteratively tested and examined to
prevent mesh nodal interpenetration. The solver used a fully implicit Newton-Krylov solver with an
adaptive time-step for a total simulation time of 0.5 seconds. Each simulation used identical initial
conditions for the ball mass and drop height. The ball contact was modelled with 0.2 coefficient of
friction while the inclusion had a fixed boundary condition to tie it with the surrounding material.

Once the numerical results were obtained, the unstructured mesh solutions were resampled onto
a uniform structured grid through an inverse distance weighting algorithm through the TFInterpy
Python library [45] in order to train the U-Net and FNO machine learning strategies.

Mesh generation was achieved by using the python API for the gmsh [46] meshing tool. A python
script was created that enabled procedural generation of the ball, plate, and inclusion. The mesh
used tetrahedral elements with a maximum element size of 3mm. A virtual box was centered at the
point of ball impact with a size of 3mm X 3mm X height of outer prism plus 3mm. This virtual box
was then used to further refine the mesh in which the maximum element size was reduced to 0.2mm,
which includes the bottom portion of the ball. The gmsh tool then gradually increased the mesh size
over a range of 50mm to the global max element size of 3mm. Mesh sensitivity studies concluded
this meshing scheme to be sufficient for convergence for the variety of possible designs that could be
generated.

The contact locations between the upper surface and ball or inclusion and outer prism used a mesh
penalty approach. A sensitivity study was performed on these penalties, by increasing them until no
penetration was observed for a variety of generated meshes.

The total of 6500 simulations is a somewhat arbitrary number based on ~ 3% data points needed to
understand interactions with 8 variables. Out of the 6500 cases, an 80/20 split was used for training
and testing of all neural networks. No hyperparameter tuning was used with the test set, which was
only used for final evaluation. The SEACAS [47] tool was used to extract all MOOSE Exodus mesh
output, which enabled quick conversion for ML preprocessing. The final distributions of the training
and test set can be viewed in Figure[9] Visualization was performed using ParaView with custom
Python macros for extracting temporal sequence slices.

A.2 Data generation / training costs

Using on-demand pricing with AWS cloud infrastructure, the compute requirements for this study
are provided in Table 2] While a thorough investigation of run times and costs over all types of
compute instances is interesting future work, Table 2] serves as an estimate. It was observed that G5
instances (A10G GPUs) outperformed the P3 instances (V100 GPUs). The higher CPU clock speeds
and more CPUs available for loading and unloading data, is an important bottleneck compared to the
end-to-end inference time of the physics surrogate models.

A.3 Preprocessing of data

The workflow to train the model at a large scale commences with data preprocessing, which includes
scaling and voxelization using inverse distance weighting. For computational efficiency, an adaptive
timestep approach was employed within the MOOSE framework. This introduced the challenge of
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Figure 9: Distribution of the training and test sets used for the ML training/testing.

Task Ncpu | NGPU | Time (hrs) | Cost ($)
MOOSE simulations | 156e3 - 11 26,900
Storage (30TB) - - - 700
GPU (G5) 1344 56 17 1,900
GPU (P3) 672 56 30 5,100

Table 2: Comparison of infrastructure costs

inconsistent timestep counts across different simulations. A preprocessing interpolation step was used
to create a uniform set of timesteps for training. By adopting this approach, the network learns the
incremental changes in the quantity of interest (0¢) instead of its time derivative (0¢/0t), reducing
both the number of input features and potential variation in the results.

The geometry does not require high resolution voxelization and thus 128 X 128 X 16 was found to be
sufficient. This resolution results in an effective voxel size of Az of 1.38mm, Ay of 0.97mm, and
Az of 0.5mm.

A.4 Figures of comparison

Further analysis of results to support the findings in the main text are presented here. Figures [I0} [TT}
[12]and [I3] show the deviation of maximum displacement in the predictions against the ground truth
for the unseen test set. Large off-diagonal deviations typically result from corner-cases where the
impact occurs on or close to the edge of inclusion.
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Figure 10: Test set predictions for the FNO ¢ ¢, model for the maximum displacement.
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